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ABSTRACT
Effects of Changing Environments on Survival of a Widely Distributed Ungulate
by
S. Andrew Sims, Master of Science
Utah State University, 2017
Major Professor: Dr. Thomas C. Edwards, Jr.
Department: Wildland Resources
Widely distributed species are experiencing a continual pattern of range shifts due
to anthropogenic expansion and climate change, forcing these species into novel
environments and out of critical habitat. The ability to estimate current and forecasted
states of demographic parameters of species distributed along a gradient of environments
is becoming increasingly important in a time of large-scale environmental change.
Consulting models that provide temporally relevant estimates of population dynamics
based on the latest realizations of environmental conditions can allow for informed, quick
and decisive conservation and management actions. Modelling the drivers of demography
across a wide range of environmental conditions will provide a more comprehensive
understanding of how species will respond to novel environments. In this study we
provide an example of relating seasonal-environmental variables to survival in a widely
distributed ungulate species. We used a mule deer (Odocoileus hemionus) survival
dataset collected in Utah with seven sites distributed across the multiple ecoregions of the
state, allowing for the elucidation of relationships across a variety of environmental
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conditions. Multivariate analyses predicting survival of young and adult females were
performed using geographic location, elevation, and seasonal satellite-derived primary
productivity data and weather variables. We developed frameworks for estimating past
and current states of survival and predicting short-term (sub-year) forecasts of survival.
Furthermore, we investigated adaptive modelling techniques for increasing the certainty
of the forecasted predictions of survival. We found that increased winter precipitation had
a negative effect on survival across the state. Survival was lower in the northern region of
the state and in higher elevations. Furthermore, measures of summer primary productivity
had a positive relationship with survival. Lastly, our adaptive modelling demonstration
shows that uncertainty of forecasted survival predictions can be reduced with the addition
of data. This study provides a framework for developing models that will provide
invaluable information to managers in a time of large-scale environmental change.
(47 pages)
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PUBLIC ABSTRACT
Effects of Changing Environments on Survival of a Widely Distributed Ungulate
S. Andrew Sims
Wildlife species distributed over large areas of land inhabiting varying
environments are experiencing shifts in their home ranges due to human expansion and
climate change. As these species home ranges shifts out of familiar, critical habitat they
are forced to interact with novel environments, which in turn affects the species
population demographics. In order to manage and conserve these species accordingly,
specifically in a time of large-scale change, it is imperative that we add to current
understandings of how they interact with various environments. Furthermore, frequently
generating short-term predictions of demographic drivers will allow for conservation and
management insight that is temporally relative to the current changes a population is
experiencing. In this study we provide an example of this framework by investigating
relationships between mule deer (Odocoileus hemionus) survival, a widely distributed
ungulate, and varying environment variables. The survival dataset we utilized was
collected from 7 different zones distributed across the three major ecoregions within
Utah. We investigated the ability to estimate survival and generate short-term predictions
of survival through the use of weather metrics and satellite-derived vegetation data. As
expected, young had lower survival than adults. Survival decreased as you moved north
and up in elevation. Consistently, increased precipitation in the winter months resulted in
lower overwinter survival as well as survival in the following year. We found that
increased forage availability during the summer months had a positive effect on survival.
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Our research provides an example of how survival of a widely distributed species
interacts with varying environments. Coupling the analysis performed in this study with
adaptive modelling techniques could guide conservation and management of widely
distributed species facing large-scale change.
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INTRODUCTION
Ungulates species are commonly distributed over large ranges that incorporate
complex, dynamic spatial patterns of environmental factors that have varying effects on
survival rates (Turner et al. 1997). In a time of large-scale anthropogenic expansion and
climatic change, ungulates are expected to undergo range-shifts and experience novel
environmental conditions, which is likely to impact survival (Walther et al. 2002). To
guide conservation and management during this time of change, it is imperative to
develop robust models that can estimate states of survival across a range of
environmental conditions (Krausman and Bleich 2013). Furthermore, producing models
that can predict forecasted states of survival with enough certainty to provide information
will serve as an indispensable tool for managers (Clark et al. 2001). In order to ensure
meaningful sets of models are created it is vital to utilize past research to develop a
comprehensive understanding of the factors that shape ungulate demography (Conroy et
al. 1995).
Survival in ungulate species is affected by multiple factors including, but not
limited to, disease, predation, and anthropogenic disturbances (e.g., vehicle collision,
urban development and hunting; Jorgenson et al. 1997, Bleich and Taylor 1998, Bender
et al. 2007). Furthermore, survival is found to be disparate among age-classes in large
herbivore species. For example, it is common for prime-aged female adult survival to be
higher and remain relatively constant across years in contrast to juvenile survival, which
is lower and varies greatly in response to fluctuating environmental conditions (Gaillard
et al. 1998, Gaillard et al. 2000). Related to this life history pattern, Eberhardt (1977,
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2002) proposed that as population density increases in long-lived vertebrates, juvenile
survival is affected first, followed by age at first reproduction, then adult reproductive
rates, and lastly adult survival. Owen-Smith et al. (2005) show this progression may
differ in non-temperate zone environments with large predators. It has been demonstrated
that although population growth is less sensitive to proportional changes in juvenile
survival than it is to proportional changes in adult survival in large herbivores, the greater
variation in juvenile survival has a larger effect on population dynamics (Gaillard et al.
2000).
Weather is a factor that affects survival in ungulate species (Post and Stenseth
1999). As a population approaches carrying capacity, it has been proposed that weather
will have greater effects on ungulate populations (Picton 1984). One explanation for this
pattern is due to the idea that weather is often tied with forage availability (Gong and Shi
2003). Different indices of weather have been used to model ungulate population
dynamics. The North Atlantic Oscillation has had significant effects on Norwegian red
deer Cervus elaphus population abundance as well as cohort life history traits of saoy
sheep Ovis aries (Forchhammer et al. 1998, 2001). Picton (1979) applied an index of
relative climate, derived from temperature and precipitation data, to mule deer
Odocoileus hemionus fawn survival and found increases in survival during warm-moist
summers, warm-dry winters and cool-dry hunting seasons, with the converse occurring in
opposite conditions.
Geographic regions with a strong winter seasonal component provide additional
survival challenges for ungulate species. Snow influences available above-ground
biomass, as well as increasing energy demands associated with movement (Parker et al.
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1984). With the absence of snow, elk Cervus canadensis feeding behaviors were
handling-limited, but with snow present feeding became encounter-limited due to elk
having to dig through snow to reach forage (Robinson and Merrill 2012). Due to factors
such as freezing and malnutrition, survival in ungulate juveniles has consistently been
found to be negatively impacted by harsh winter condition (Singer et al. 1997, Loison and
Langvatn 1998, Forrester and Wittmer 2013). Female adult mule deer are not as strongly
effected by winter conditions as juveniles (Forrester and Wittmer 2013), but overwinter
survival of adults increased with body mass measured in November, suggesting the
winter may impose some limitations (Monteith et al. 2014).
Nutritional status of individuals in ungulate populations affects a variety of vital
rates and is largely determined by environmental and density-dependent effects (Pettorelli
et al. 2005, Toïgo et al. 2006). For example, the body mass of adult roe deer Capreolus
capreolus was largely contingent on cohort and habitat quality (Pettorelli et al. 2001).
There are numerous ways to assess factors such as habitat composition or vegetation
production in a given area, one method becoming more common is the use of satellite
derived data (Kerr and Ostrovsky 2003, Turner et al. 2003). A large number of studies
have investigated the effects of vegetation indices derived from satellite imagery, in this
case the Normalized Difference Vegetation Index or NDVI, on wildlife movement,
nutritional status, and population dynamics (see Pettorelli et al. 2011).
Our goal for this study was to develop sets of models for estimating both current
and short-term (sub-year) forecasts of survival for a widely distributed ungulate species,
mule deer. Furthermore, to simulate adaptive modelling techniques, we integrated
additional data at incremental time steps into the forecast models to investigate how
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much data is needed to provide reliable forecasted estimates. We also demonstrate the
ability to extrapolate survival estimates to areas lacking extant survival data for both sets
of models through the use of predictor variables ubiquitous to mule deer distribution.
Mule deer serve as an ideal candidate species for exploring how survival is affected by
various seasonal-environmental factors over a spatial gradient due to their vast
distributions throughout western North America, encompassing a large range of
environmental conditions. For this study, we utilize a radio-telemetry dataset the Utah
Division of Wildlife Resources (UDWR) began collecting December 2009 in order to
improve mule deer population estimates for the state of Utah. The dataset was collected
from seven Wildlife Management Units (WMU’s) that are distributed across the state of
Utah, providing a wide range of environmental conditions. To model survival, we
employed the Anderson-Gill formulation of the Cox proportional hazard model to
accommodate multiple predictor variables and complex censoring patterns (Cox 1972,
Andersen and Gill 1982).
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STUDY AREA
The UDWR has defined 30 wildlife management units (WMU’s) covering the
state of Utah. This study focuses on seven WMU’s (hereafter zones) selected by the
UDWR to represent the range of environmental conditions found throughout the state
(Fig. 1). These zones are spread amongst the three primary ecoregions of Utah; the
Wasatch and Uinta Mountains ranging from the south-west to the north-east, the
Colorado Plateau to the south-east, and the Great Basin to the west and north-west. The
Pine Valley zone, found in the south-west region of the state, includes a small portion of
the Mojave Basin ecoregion, the Cache zone in the northern part of the state is comprised
partly of the Wyoming Basin ecoregion, and the San Juan zone in the south-east corner of
the state contains a portion of the Southern Rockies ecoregion. The UDWR has
delineated seasonal mule deer distribution maps for the state; this includes maps for
summer and winter ranges (Fig. 1). These ranges were used as sampling frames within
the zones for extracting the various environmental covariate measurements used in this
study.
Within the state of Utah, temperature and precipitation trend with latitude and
elevation. Lower-latitude, low-elevation areas experience dry, hot summers with cold
winters. Conversely, higher-latitude, high-elevation areas experience wetter summers that
range from warm to hot temperatures and extremely cold winters with heavy snowfall.
Elevation ranges from ~650 meters at Beaver Dam Wash in the south-west to ~4,100
meters at King’s Peak in the north-east. The low elevation, steppe and semiarid regions
receive on average 13 to 18 cm of annual precipitation. The mountainous regions receive
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between 25 and 140 cm or more of annual precipitation; high elevation areas can receive
more than 12 meters of snow (Banner et al. 2009). Southeastern parts of the state
experience late summer rains starting in July lasting until mid-September due to the
Southwest United States monsoon (Adams and Comrie 1997).
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METHODS
Demographic Data
Beginning in December 2009 the UDWR initiated monitoring of adult female and
fawn mule deer survival in the seven zones (Fig. 1). Initially, 30 adults and 30 fawns
were captured in every zone. Following on an annual basis, 30 additional fawns were
collared in each zone between the months of December and January. Additional adults
were intermittently collared among the zones in order to bolster sample sizes where
needed. Adults were fitted with standard VHF radio collars. Young were ~6 months of
age at the time they were collared between December and January and were fitted with
expandable VHF radio collars to allow for growth. Young that survived through the
following year from their collaring date were incorporated into the adult survival
monitoring sample. The standard and expandable VHF radio collars had an average
battery lifespan of 7 and 4 years, respectively. Aerial telemetry was conducted between 2
to 8 times annually in each zone to assess the vital status of collared individuals. These
flights occurred on sporadic time intervals within and between zones. This study will
focus on the survival data beginning in December 2009 and ending in December 2014. In
our dataset age was classified as either young or adult. Individuals 6 months to 1.5 years
old were placed in the young age class. Any individuals that survived past 1.5 years, or
were collared at an age greater than 1.5 years, were placed in the adult age class. The
decision to have the young age class extend to 1.5 years was to allow for enough flight
intervals to collect sufficient amount of data to obtain accurate trends of survival.
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Primary Productivity Covariates
We used the Normalized Difference Vegetation Index (NDVI; Rouse et al. 1974)
to investigate the relationship of primary productivity to survival over our study region.
The index is derived by using satellite imagery to assess the proportions of red-visible
light and near-infrared (NIR) wavelengths reflectance coming from a vegetated area.
NDVI has been shown to be a viable surrogate for primary productivity in a wide range
of wildlife studies (Pettorelli et al. 2006, Hamel et al. 2009, Pettorelli et al. 2011).
Our NDVI dataset was developed by the Global Land Cover Facility (GLCF) of
the University of Maryland. The NDVI data was derived from surface reflectance data
products (MOD09GA) of the moderate resolution imaging spectroradiometer (MODIS)
sensors. The MOD09GA estimates of red and NIR surface reflectance were masked for
snow, cloud, and high aerosols and then corrected for Bidirectional Reflectance
Distribution Function (BRDF) effects. The dataset includes daily measurements from the
year 2000 to 2014 at 500 meter resolution spanning a large portion of the Western United
States.
For this study we used NDVI measurements standardized on a zero to one index
from four annual seasons; winter (November-February), spring (March-May), summer
(June-August), and fall (September-October). Within each of the seven zones we
extracted daily NDVI values which were then averaged on a seasonal basis. The sampling
frames for extraction were based on the summer and winter habitat ranges within the
zones (Fig. 1). Summer and winter extractions were performed on their corresponding
distribution maps, while spring and fall extractions were performed on the combination
of the two distribution maps. These seasonal averages of NDVI were calculated for every
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year of the study and were used to assess relationships between seasonal primary
productivity and survival (Table 1).
Weather Covariates
Temperature and precipitation relationships with survival were evaluated using
spatially interpolated PRISM weather data (Parameter-elevation Relationships on
Independent Slopes Model, PRISM Climate Group, Oregon State University,
http://prism.oregonstate.edu, last accessed April 16 2017). For our purposes we used
spatial averages of precipitation and an array of temperature measurements within our
zones at a 4 kilometer scale.
To capture the variation that occurs in weather between zones and time of year we
gathered temperature and precipitation measurements on a seasonal timescale within each
year (Table 1). Average minimum, maximum, and mean temperature values within each
zone were derived for the four annual seasons: spring, fall, summer and winter.
Furthermore, the average daily precipitation was calculated for the four seasons in each
zone. Mirroring the same sampling frames as primary productivity, spring and fall
weather measurements were calculated using both distribution maps. Summer values
were extracted using the summer distribution maps and winter values were extracted
using the winter distribution maps.
Geographic Location and Elevation Covariates
Elevation, latitude, and longitude were gathered for the seven zones in order to
investigate the standalone effects of elevation and geographic location on survival (Table
1). The decision to add these variables was to aid in the standardizing of the models
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across the large spatial scale and differing environments. Using digital elevation maps,
the average elevation of the combined habitat maps for each zone was calculated.
Latitude and longitude were obtained using the centroid location of each zone.
Survivorship Analysis
Through the use of radio-telemetry data and statistical modelling techniques, we
are able to estimate survival trends in relation to inter-annual variation of seasonalenvironmental effects. When estimating survival from radio telemetry data one must
assume the collared individuals are a proper representation of the population, that
mortality risk are independent among the marked sample, and that left-censored events
are random. The Kaplan-Meier procedure (Kaplan and Meier 1958) and Heisey and
Fuller method (Heisey and Fuller 1985) are common approaches for modelling wildlife
survival. Challenges that arise with cumulative survival estimators such as these is the
inability to accommodate complicated censoring patterns and multivariate analyses. The
Andersen formulation of the Cox Proportional Hazard Model provides an alternative for
estimating survival from radio-telemetry data that can account for complicated censoring
patterns and imperfect detections (Cox 1972, Andersen and Gill 1982). Furthermore, the
Andersen-Gill model allows for multivariate analysis of both categorical and continuous
variables simultaneously.
Our decision to employ the Andersen-Gill model was due to complicated
censoring patterns and irregular observation intervals of the survival data. Furthermore,
this framework accommodated our need to include both time-dependent and independent
covariates in a single model. Building off a non-parametric baseline hazard, the Cox
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Proportional Hazard model employs a regression technique to estimate non-negative
parametric hazard ratios as a function of covariates. This can be accomplished based on
the assumption that covariates have proportional effects on hazard ratios over time,
known as the proportional hazards assumption. The Andersen-Gill counting process
framework of the Cox Proportional Hazard model allows for both right-censored, defined
by individuals with an unknown fate, and left-censored events, defined by individuals
with staggered entry times into the study. In short, the Andersen-Gill formulation can
accommodate “missed” observations from irregular follow-up for data that should
otherwise provide known-fate information (e.g. radio telemetry).
Survivorship Model Structures
We developed and assessed two forms of model structures designed for different
functional purposes. The first model structure (hereafter referred to as “current models”)
was created to investigate relationships between our covariates and survival on a
continuous time scale for the duration of the study. To achieve this, the survival data of
marked individuals was structured by two months intervals on a continuous times scale
from zero to sixty months, zero months being December of 2009 and sixty months being
December of 2014. At the two month intervals for each individual, the mortality status,
age-class, and seasonal time-dependent and independent environmental data were
appended. The decision to base the current models on a continuous timescale, rather than
an annual timescale, was to allow for the detail of inter-annual variation that occurs in
survival. The purpose of the current models structure is to allow the inference of how
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various environmental components affect survival and to provide a process for estimating
past and current states of survival.
The second model structure (hereafter referred to as “short-term forecast models”)
was developed to predict near-future (sub-year) states of survival with enough certainty
to provide a useful amount of information. Similar to the current models, the survival and
covariate data of individuals were formatted on 2 month intervals. Differing from the
current models, these intervals were setup on a repeating annual time scale starting at
zero months to twelve months, zero months being January of each year and twelve
months being December of each year. Furthermore, the final year of data, year 2014, was
withheld from the short-term forecast models to allow for comparing forecasted estimates
with data not included within the model. The short-term forecast models were developed
on an annual time scale to develop robust relationships between survival and seasonal
environmental data based on annual averages.
Covariate Reduction
Given the nature of our environmental data, many of the variables were highly
related. We addressed collinearity issues by examining Spearman correlation between all
of our environmental variables. In the instance of a correlation of +/- 0.7 or higher
between two variables, the one deemed less important based on a priori assumptions of
life-history characteristics of mule deer was discarded. This process was repeated until
there were no remaining collinear covariates. Through this process we reduced our
weather variables from 16 to 4 and our NDVI variables from 4 to 3 (Table 1). The four
remaining weather variables included winter, spring, summer and fall precipitation (wppt,
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sppt, suppt, and fppt). The remaining three NDVI variables were spring, summer and
winter NDVI (sNDVI, suNDVI, wNDVI). Elevation (elev), latitude (lat), and longitude
(lon) were also retained in the process. This final set of variables was then used to
develop a set of comparative models for analysis.
Model Selection
We used multi-model inference among competing models to draw inferences
from our analyses (Burnham and Anderson 2002). Per recommendations from Cade et al.
(2015), we allowed for no collinearity among covariates across the competing models to
avoid issues with model averaging (see above Covariate Reduction). A set of 11 models
were developed based on a priori hypotheses of combinations of environmental factors
that affect a mule deer’s risk of dying (Table 2). Elevation, latitude and longitude were
included as additive covariates in every model. Age was assumed to have significantly
different effects on survival and was included as a model ‘stratum’, allowing age-class
specific survival estimates from separate baseline hazards. These 11 model combinations
were used in both the current and short-term forecasted model structures. Before ranking
performance of the models, the proportional hazards assumption was tested for the
covariates, and any model with a parameter violating the assumption was discarded. The
exception to this rule occurred when a variable systematically violated the proportional
hazard assumption in every model. In this case, an interaction with the variable and time
was created to correct the violation (Allison 1995). The remaining models for each
structure set, current and short-term forecast, were ranked with corrected Akaike
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information criterion (AICc). Models within 2 AICc units were considered competing
and used for multi-model inference.
Survivorship Estimates
Using the relationships from the top ranking model from the current models set,
survival was estimated for the duration of the study in each of the study zones. Survival
estimates were generated for both age-classes and visually compared with the raw radiotelemetry survival data to assess the estimation performance of the top model. Using the
top model from the short-term forecast models set, forecasted survival estimates for both
age-classes were predicted for the first ten months of 2014 in the seven zones. These
estimates were generated using seasonal-environmental data from the year 2013. Those
forecasted estimates were visually compared with the 2014 raw radio-telemetry survival
data to assess the degree of uncertainty in forecasted estimates. Finally, to simulate
adaptive modelling and to observe the effects of “new” data, we integrated 2014
covariate data into the forecast model in 2 month intervals and compared the new
estimates with the 2014 raw radio-telemetry survival data. This process allowed for the
assessment of how uncertainty in the forecasted estimates varied overtime with the
introduction of additional information.
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RESULTS
Current Models
The current model analysis included 9246 two-month monitoring occasions of
from a total of 1075 collared individuals occurring over the sixty month (December 2009
to December 2014) continuous time frame. Within those monitoring occasions, 551
mortality events were recorded. Elevation consistently violated the proportional hazards
assumption in all models (p < 0.05). In order to correct this systematic violation, an
additional model parameter of the interaction between elevation and the end time of
monitoring occasions was included. Of the 11 models, six were discarded for containing
variables that violated the proportional hazards assumption in an intermittent pattern (p <
0.05). The remaining five models were ranked and assessed for performance, of which,
one model was considered competing (ΔAICc <= 2; Table 3). This top model included
the effects of winter precipitation and average summer NDVI on survival (χ2 = 58.8, df =
6, p < 0.001). Within the top model, winter precipitation, latitude and elevation were
found to have significant negative effects on survival (p < 0.05). The interaction between
time and elevation had a significant positive effect on survival, suggesting the negative
effect of elevation grew weaker throughout the study. Lastly, average summer NDVI was
found to have a significant positive impact on survival.
Exponential coefficients with associated confidence intervals of the top model
were calculated and graphed (see Fig. 2). These coefficients suggest that risk of dying for
mule deer increases by ~ 54% (95 C.I. = 31% to 81%) per ~0.6 millimeter increase of
daily average winter precipitation. Furthermore, for every ~250 meter increase in
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elevation, risk of dying for mule deer increases by ~72% (95% C.I. = 41 to 111) and for
every 1.5 degree increase in latitude, risk of dying for mule deer increases by ~19% (95%
C.I. = 3 to 36). Lastly, risk of dying for mule deer decreases by ~30% (95% C.I. = 14 to
43) for every ~0.08 index value increase in average summer NDVI.
Using the top model, survival estimates were generated for each of the 7 study
zones and compared with field data estimates to visually assess their prediction
performance (Fig. 3). The model systematically overestimated young survival for the first
~10 months in all zones and performed the worst estimating survival for both age-classes
in the Pine Valley unit. Young survival was lower than adult survival in all zones.
Short-term Forecast Models
There were a total of 8319 monitoring two-month monitoring occasions in the
short-term forecast model analysis. The reduced number of monitoring events, compared
to the current models, was due to the withholding of the 2014 data from the models. A
total of 412 mortalities were recorded among the total 841 collared individuals. Latitude
violated the proportional hazards assumption within each of the models (p < 0.05).
Therefore, an interaction between the end time of each monitoring occasion and latitude
was included as an additional model parameter in all models. Six models contained
variables that violated the proportional hazard assumption (p < 0.05). Results of AICc
ranking the remaining five models revealed two competing model (ΔAICc <= 2; Table
3). The weather and primary productivity parameters in the top model included the
effects winter and summer precipitation as well as winter and summer NDVI (χ2 = 134,
df = 9, p < 0.001). The second ranked model was more parsimonious than the top ranked
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model and was fully nested within the top model (χ = 130, df = 7, p < 0.001). Both
models indicated that average summer NDVI had a positive effect on mule deer survival
(p < 0.05). Furthermore, elevation, latitude, and winter precipitation had significant
negative effects on survival within both models (p< 0.05). Exclusive to the top ranked
model, average winter NDVI was found to have a significant positive effect on mule deer
survival (p < 0.05).
Through model averaging the exponential coefficients of the top models were
averaged and graphed (Fig. 2). The coefficient averages indicated as average summer
NDVI increases by 0.08 index value, risk of dying for mule deer decreases by ~19%
(95% C.I. = 8 to 29). Per 250m increase in elevation and 1.5 degree increase in latitude,
mule deer risk of dying increases by 28% (95% C.I. = 9 to 50) and 140% (95% C.I. = 80
to 220). Additionally, a 0.6 mm increase in average daily winter precipitation increases
risk of dying for mule deer by 93% (95% C.I. = 52 to 93).
Survival predictions were forecasted for the first 10 months of 2014 in each zone
using the top model. These forecasted survival predictions were generated using weather
and primary productivity data from 2013. The predicted estimates were visually
compared with the 2014 field survival data estimates to visually assess the performance
of the short-term forecasting model (Fig. 4). The models performed much better at
forecasting adult survival compared to forecasting young survival. Furthermore, we
selected one of the zones to simulate an adaptive modelling process. We integrated 6
months of data from 2014 in 2 month intervals to assess how certainty of our estimates
changed with new data. Within the South Slope zone, we found as more data was
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integrated overtime, the uncertainty of the forecasted survival predictions reduced (Fig.
5).
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DISCUSSION
Climate has been shown to affect ungulate population dynamics in various ways
across differing environments (Weladji et al. 2002, Simard et al. 2010, Imperio et al.
2012). We found that winter precipitation had significant negative effects on mule deer
survival across our study region. Other studies have found similar relationships with
ungulates and winter season metrics (Singer et al. 1997, Loison and Langvatn 1998,
Forrester and Wittmer 2013). Furthermore, we found that survival lowered as you moved
up in elevation and latitude. This relationship may be an indication of the effects of the
harsher environmental conditions, specifically winter seasons, at higher elevations and
northern regions. One factor that has been found to increase overwinter survival is body
mass (Monteith et al. 2014), which has been linked to NDVI (Pettorelli et al. 2005,
Pettorelli et al. 2006). Furthermore, a variety of demographic parameters have also been
linked to NDVI (see review Pettorelli el al. 2011), but relationships directly between
NDVI and survival were rarely investigated. Our findings of the positive relationships
between average summer NDVI and survival was expected given these links between
NDVI with ungulate life-history characteristics and demography. One drawback of using
NDVI as a measure of primary productivity is the misleading signal of evergreens. While
evergreens do not provide beneficial forage or habitat for mule deer, they do produce a
large NDVI signals. Furthermore, evergreens are much more likely to produce an NDVI
signal, as opposed to herbaceous forage, during winter months.
As we expected, within our current models young had lower and more variable
survival (Gaillard et al. 1998, Gaillard et al. 2000). Our study did not investigate how
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environmental factors specifically affect the survival of each age class. Age-class specific
relationships may warrant future investigation due to a number of studies identifying
clear differences in environmental effects on adults and fawns, often finding juveniles to
be more sensitive to these factors (see review Forrester and Wittmer 2013). Furthermore,
it is possible that some of the relationships discovered by our models may be driven by
one of the age-classes, age specific relationships may allow for more flexibility in the
survival estimates.
Management and Conservation Implications
Large-scale change has already and will continue to affect population dynamics of
ungulate species (Post and Stenseth 1999). Using this framework, models can be
developed to provide current estimates and short-term insight on survival fluctuations
within ungulate populations. While it is not possible to mitigate the changes that ungulate
species may experience in the upcoming years, it is possible to tailor conservation and
management decisions to minimize the negative impact. Short-term projections would aid
conservation and management personnel by allowing them to make more informed
decisions based on latest realizations of annual variations in environmental variables.
Furthermore, estimates of survival are often times used in larger demographic models to
help estimate other parameters such as population growth rates and dynamic changes in
abundance. Anderson-Gill Cox regressions models provide a robust method for
generating survival estimates that supply these models with needed survival estimates,
specifically when presented with messy demographic data.
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Management and conservation decisions need to be made at various spatial scales
across an ungulate species distribution. Due to cost and time, it is not feasible to collect
survival field data across an entire ungulate distribution. Currently, one approach to
making management and conservation decisions to areas lacking extant survival data is to
use the survival data from the nearest sampled area. Being able to produce accurate
survival estimates at various spatial scales without sampling an entire distribution would
be an invaluable tool to managers. Due to the seven study zones distribution across a
large variety of habitats we are able to make predictions of survival in areas lacking
extant field survival data. This is possible due to the use of covariates that are universal to
the entire study region. We applied the relationships built from the seven sampled zones
to the entire state of Utah, allowing for extrapolated estimates to areas with no collected
survival data. The example we selected for this extrapolation exercise was to use the top
current model to estimate overwinter survival of a relatively heavy winter precipitation
season for the mule deer winter range of Utah (Fig. 6).
Many annual conservation and management decisions are made regarding
ungulate populations. For example, Mule deer are a significant game species within Utah
and experience annual harvest management at the WMU scale. Pairing the
aforementioned extrapolation abilities with short-term forecast models could provide
guidance the annual mule deer management decisions. Specifically, if the adaptive
modelling technique for the short-term forecast models was adopted in this process.
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Future Research for Management Needs
The short-term forecast models built in this study only included three years of
data, providing rather uncertain forecasted survival estimates, specifically for fawns.
Bolstering these models with more survival data may provide relationships that better
forecast survival. Furthermore, allowing for age-specific survival to vary with the
environmental covariates may provide additional certainty with the forecasted estimates.
This study did not look at the adaptive modelling technique in great depth. We believe
adaptive modelling provides the best format for reducing uncertainty in forecasted
estimates. Furthermore, a study of adaptive modelling could identify how much data is
required to reach a state of asymptotic certainty in forecasted estimates. This could
provide managers with a framework for making the most informed decisions at the
earliest possible point in time.
Results derived in our study provide seasonal management insight on mule deer
population dynamics. Relationships with climate projection models could be established
in order to provide longer-term guidance for direction on management decisions
regarding ungulate populations. This would allow for possible indications of how
ungulate population trends may vary over a multiple year basis. Furthermore, this type of
analysis would help identify which mule deer populations may be at largest risk based on
current habitat and predicted future changes. Long-term projections would help guide
large-scale conservation and management implementations, such as habitat manipulation,
years in advance to optimize efficiency in mitigating negative effects.
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TABLES AND FIGURES
Table 1. Outline and descriptions of variables considered for investigating the effects of
environmental variation on mule deer survival within our zones. Shorthand column
(right) contains the respected shorthand references for each of the variables.
Variable

Description

Shorthand

Geographic Location & Elevation
Elevation

Average elevation of combined
habitat maps

Elev

Longitude

Longitude from the centroid of
each zone

Lon

Latitude

Latitude from the centroid of
each zone

Lat

Primary Productivity
Spring NDVI

Average NDVI for March to
May

sNDVI

Summer
NDVI

Average NDVI for June to
August

suNDVI

Fall NDVI

Average NDVI for September
to October

fNDVI

Winter NDVI

Average NDVI for December
to February

wNDVI

Temperature

Average minimum, maximum
and mean temperatures for
winter, spring, summer, and
fall

Winter (wtmin, wtmean, wtmax)
Spring (stmin, stmean, stmax)
Summer (sutmin, sutmean, sutmax)
Fall (ftmin, ftmean, ftmax)

Precipitation

Average daily precipitation for
winter, spring, summer, and
fall

Winter (wppt)
Spring (sppt)
Summer (suppt)
Fall (fppt)

Weather
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Table 2. Eleven base models testing different a priori hypotheses about environmental
variables and combinations of those variables that affect survival of Utah mule deer. Age
was included as a stratified effect to allow for age-class specific survival estimates using
separate baseline hazards.
Model

Description

wNDVI + wppt + lat + lon + elev + strata(age)

Winter model

sNDVI + sppt + lat + lon + elev + strata(age)
suNDVI + suppt + lat + lon + elev + strata(age)

Spring model
Summer model

fppt + lat + lon + elev + strata(age)

Fall model

wNDVI + wppt + sNDVI + sppt + lat + lon + elev +
strata(age)
wNDVI + wppt + suNDVI + suppt + lat + lon + elev +
strata(age)
sNDVI + sppt + suNDVI + suppt + lat + lon + elev +
strata(age)

Winter and spring model
Winter and summer model
Spring and summer model

suNDVI + suppt + fppt + lat + lon + elev + strata(age)

Summer and fall model

wNDVI + sNDVI + suNDVI + lat + lon + elev +
strata(age)

NDVI model

sppt + wppt + suppt + fppt + lat + lon + elev + strata(age) Precipitation model
wppt + suNDVI + lat + lon + elev + strata(age)

Summer growth and winter
precipitation
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Table 3. The AICc rankings, degrees of freedom (df), and log likelihood of the models
that did not violate the proportional hazards assumption for the both the current models
and short-term forecasted models. Models that were within 2 AICc units of the top model
were considered competing.
df

AICc

dAICc

Loglikelihood

6

5861.9

0

-2924.90

6

5873.1

11.2

-2930.49

8

5873.2

11.3

-2928.50

7

5889.0

27.1

-2937.45

6

5891.4

29.5

-2939.64

8

5312.6

0.0

-2647.16

6

5312.9

0.3

-2649.36

wNDVI + wppt + lat + elev + lon +
elev*stop + strata(age)

6

5315.1

2.6

-2650.494

wNDVI + wppt + sppt + sNDVI +
lat + elev + lon + elev*stop +
strata(age)

8

5319.3

6.7

- 2651.54

wNDVI + sNDVI + suNDVI + lat +
elev + lon + elev*stop + strata(age)

7

5325.8

13.2

-2654.78

Model
Current Models
wppt + suNDVI + lat + elev + lon +
elev*stop + strata(age)
wNDVI + wppt + lat + elev + lon +
elev*stop + strata(age)
wNDVI + wppt + sppt + sNDVI +
lat + elev + lon + elev*stop +
strata(age)
wNDVI + sNDVI + suNDVI + lat +
elev + lon + elev*stop + strata(age)
sNDVI + sppt + lat + elev + lon +
elev*stop + strata(age)
Short-term Forecast Models
wNDVI + wppt + suppt + suNDVI +
lat + elev + lon + lat*stop +
strata(age)
wppt + suNDVI + lat + elev + lon +
elev*stop + strata(age)
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Figure 1. Maps outlining the distribution of the seven study zones. Left map depicts the
seven study zones (outlined in black) and their distributions across the ecogions: Great
Basin (light blue), Wasatch and Uinta Mountains (light green), Colorado Plateau (light
brown), Southern Rockies (purple), Wyoming Basin (off-white), and Mojave Basin
(brown). Right map portrays the distribution maps, winter (light blue) and summer (light
green), used for extraction of covariate data within the zones.
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Figure 2. The exponential model coefficients from the competing models (Table 3).
Coefficients that were shared among competing models were averaged using model
averages. Values above 1 indicated effects that increase the risk of dying for mule deer.
Conversely, values below 1 indicated effects that decrease the risk of dying for mule
deer. Description of variables can be found in Table 1.
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Figure 3. Survival estimates for each of the seven zones generated using the top current
model (Table 3). The solid black line and dashed black line represent survival estimates
from the field data for adults and fawns, respectively. The light green and light purple
lines represent the survival estimates using the top current model for adults and fawns,
respectively. High degree of overlap between the field and model estimates indicates
good model performance in survival estimation.
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Figure 4. Forecasted estimates of survival for 2014 for each of the seven zones generated
using the top short-term forecast model (Table 3). These modeled predictions were
generated using weather and primary productivity data from 2013. The solid black line
and dashed black line represent 2014 survival estimates from the field data for adults and
fawns, respectively. The light blue and light red lines represent the forecasted survival
predictions for 2014 using the top current model for adults and fawns, respectively. High
degree of overlap between the field and model estimates indicated good model
performance in forecasted survival prediction.
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Figure 5. South slope zone adaptive modelling example. Using the top model from the
short-term forecast models set (Table 3), 2014 forecast survival estimated were generated
for the South Slope zone. Furthermore, each graph depicts a scenario of additional
months of 2014 primary productivity and weather data integrated into the model
estimates at 2 month intervals. At each addition of 2 months of 2014 data, the certainty of
the forecast survival predictions increased.
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Figure 6. Extrapolating survival to areas lacking collected survival data using
relationships built in areas with collected survival data. For this example, we selected to
estimate overwinter survival for 2010 to 2011, a winter season that experienced
particularly heavy snowfall. This tool could allow for more informed conservation and
management decisions to be made in unsampled areas.

